INTRODUCTION
Choosing among the many antihyperglycemic treatment options now available for patients with type 2 diabetes mellitus (T2DM) involves matching the clinical profile of each drug, which has been assessed using aggregate data in clinical trials, to the characteristics of the individual patient [1] . In practice, the relevant parameters involve tolerability and safety; for example, whether the treatment exposes the patient to hypoglycemia or if the patient has renal impairment. Relatively little is known about the differential efficacy of a drug on a patient-by-patient basis, and the factors that might underlie differential responses are not well understood [2, 3] .
Dapagliflozin, a sodium-glucose cotransporter 2 inhibitor (SGLT2) approved for use in the EU, US, and numerous other countries, has been shown to reduce hyperglycemia consistently by increasing urinary glucose excretion [4] . Additionally, dapagliflozin has been associated with reductions in body weight and blood pressure, and an incidence of adverse events comparable with those seen in control arms in a diverse patient population from an extensive clinical trial program [5] [6] [7] [8] [9] [10] . The dapagliflozin development program, which included a large number of patients from independent clinical trials, provided the opportunity to explore the possibility that baseline characteristics or early treatment responses might predict which patients would most benefit from dapagliflozin therapy.
We used data mining-a computational process used to identify patterns in complex datasets-to extract clinically useful information from dapagliflozin phase 3 trials that might otherwise have remained unknown.
Data mining algorithms are used to interrogate data to develop a classification rule that can be predictive for outcomes of interest [11] . They feature extensively in handling very large datasets, where such a hypothesis-independent approach has delivered particularly innovative insights. To date, there are limited examples of the use of such applications to identify predictive variables within conventional clinical datasets, as generated during late-stage clinical trials [12] . A comprehensive analysis of the dapagliflozin phase 3 program was undertaken to determine whether there are baseline characteristics or early responses to treatment that could be used to predict which patients would benefit the most from receiving dapagliflozin treatment in conjunction with other treatments administered in the program.
METHODS
The overall analysis comprised three stages: (1) variable selection, (2) model generation, and (3) clinical validation (Fig. 1) . Each stage used data from independent clinical trials within the phase 3 program. Studies were selected for analysis if they had a dapagliflozin arm and had been completed by the time this analysis was initiated; all studies fulfilling these criteria were used in these analyses (Table 1) [5, 9, [13] [14] [15] [16] [17] [18] [19] .
The study was designed with expert clinical, personalized healthcare, statistical, and informatics input. All analysis methods and variable selection criteria were agreed a priori and were captured in an exploratory analysis plan.
This article does not contain any new studies with human or animal subjects performed by any of the authors.
VARIABLE SELECTION
The variable selection stage was performed on data from the metformin plus dapagliflozin arm of a randomized, 52-week, double-blind, activecontrolled non-inferiority study of dapagliflozin vs. glipizide as add-on to metformin therapy in patients with T2DM with inadequate glycemic control on metformin alone [8] . The primary endpoint of this study was change in glycated hemoglobin (HbA 1c ) from baseline to week 26.
In the studies used in the later stages, the primary endpoint was measured at week 24 instead of week 26. Missing 26-week data were imputed using the last observation carried forward technique. Similarly, the early posttreatment time point was week 3, but because studies used in subsequent stages of the analysis collected data at week 4, week 4 data were used in both the model generation and validation stages. The goal at this stage was to identify those baseline and early treatment response variables with the largest influence on change in HbA 1c level. These variables were then ranked based on the strength of their association with the endpoint. Due to a lack of a control arm (metformin alone) in this specific dataset, it was not possible to assess which variables would be specific predictors of dapagliflozin treatment response per se as opposed to more general prognostic factors. The term prognostic as used here has virtually the same meaning as in routine clinical medicine; namely, baseline or early response characteristics that influence [20, 21] and elastic net [22] , using a set of data-driven guidelines. These two methods were selected to complement each other. (For elastic net, the most influential variables were identified as the variables selected when the regularization parameter lambda was increased to the highest level achieving a cross-validated mean squared error (CV MSE) within 1 standard error of the lowest CV MSE, and for gradient boosting it was the top ranked variables with the cutoff determined by a noticeable drop in relative influence score).
Two variable lists were defined: clinically relevant data available at baseline, and clinically relevant data available at baseline The most parsimonious model (i.e., the simplest model which best described the predictive relationship with dapagliflozin 
CLINICAL VALIDATION
The selected model was validated using a meta-analysis of nine phase 3 placebocontrolled trials in patients receiving various treatments, such as insulin, glimepiride, pioglitazone, metformin, or sitagliptin (Table 1 ). Because we were trying to identify predictors of dapagliflozin response that would be valid for virtually any patient with T2DM, it was important to include trials that were heterogeneous with respect to concomitant treatments as well as to the demographic and disease characteristics of the trial participants. The primary aim was to use a robust method to estimate the predictive effect of fasting plasma glucose (FPG) in the remaining individual studies, from which we derived an overall estimate using a meta-analytic approach. The meta-analysis was conducted using Bayesian hierarchical modeling, which accounts for any heterogeneity between trials by adaptively fitting the data from different trials based on their similarity. This methodology allows inferences to be drawn at the level of individual trials and for the entire set of trials [23] .
RESULTS

Variable Selection Phase
Data from 400 patients with a value for their 
Clinical Validation Phase
A meta-analysis technique used to assess the interaction between baseline FPG and treatment in nine dapagliflozin studies (Table 1) Fig. 3 ). In addition, there was variability in the effect size estimates across the nine different studies (Fig. 3 ) that led to wide confidence limits around the overall estimate derived from the meta-analysis.
DISCUSSION
A comprehensive analysis of the dapagliflozin phase 3 program was undertaken with the goal of identifying and validating baseline characteristics (or early responses to treatment) that could be used to predict which patients would respond best to dapagliflozin treatment. We used a novel, customized approach of Our results support the findings of conventional, hypothesis-driven analyses, which have shown that dapagliflozin offers significant clinical benefit across all groups of patients in a broad-based clinical trial program, including patients across the continuum of T2DM, from treatment naïve to those requiring high doses of insulin [24, 25] . It is also consistent with previously published evidence showing that the beneficial effect of dapagliflozin therapy in terms of reduction from baseline in HbA 1c is greatest in those with the highest baseline HbA 1c [6] . The methodology applied was sufficiently sensitive to detect a signal of a predictive marker for differential response to dapagliflozin that was below a threshold of clinical significance, suggesting that the model would have been able to detect a clinically relevant predictor if one were included in the original set of variables evaluated in this analysis. Given the breadth of the clinically available data captured in the clinical trials databases and the thoroughness of this analysis, however, it is unlikely that we would have failed to include a We attempted to combine complementary statistical methods for data mining to cast a wide net for potential signals. Elastic nets [22] allow an efficient handling of correlated variables, while decision tree algorithms, such as gradient boosting [20, 21] , are most suitable for the analysis of complex interactions and heterogeneity. Combined, these two methods complement each other and give a good chance of finding predictive variables. Such an approach, which poses a risk of type I error, was controlled for by using a staged approach (i.e., hypothesis generation, testing, and validation) and multiple independent datasets. The study described by Maeda et al. [12] evaluating whether baseline HbA 1c , postprandial glucose, body mass index, and duration of diabetes may be predictors of HbA 1c reduction when using sitagliptin in Japanese patients with T2DM, for example, was less informative. This was because it only involved one stage and could not distinguish between prognostic and predictive effects specific to sitagliptin, as no control arm was included. In addition, control over type I error was limited and there was no indication of clinical relevance [12] . The strengths of the approach described herein are its hypothesis-independent basis and consequent ability to generate truly innovative insights. This approach was deliberately chosen to allow all studies to be analyzed together and to identify any variables that would be predictive of response across studies and across the entire spectrum of patients with T2DM. Because the full range of baseline and early on-treatment data were considered as variables that could potentially affect treatment response, the analysis was not limited to those that have a plausible rationale; therefore, the potential to discover a completely novel predictor was increased. The weaknesses of the method are predicated on the same basis and are exemplified by the high false discovery rates requiring independent validation to deliver sufficient confidence. One way of partially overcoming this problem would be to use a dapagliflozin add-on study that has a placebo-control group for the variable selection phase, which would facilitate identification of possible dapagliflozin-specific effects and reduce the false discovery rate. A second limitation is a consequence of the fact that our approach necessitated the measurement of factors across the complete program of studies. Because the studies that comprised the phase 3 clinical development program for dapagliflozin were relatively heterogeneous by design, the results of meta-analysis of nine of the 12 studies is not meaningful in its own right and should therefore be interpreted with caution. In fact, as shown in Fig. 3 , the estimated effect size of FPG as a predictor was quite large (approximately 1 standard deviation) in treatment-naïve patients in the monotherapy study [26] , whereas it was estimated to be essentially nil in the two studies of older patients with cardiovascular disease [15, 17] .
Although pooling of studies that were all similar in design would have mitigated the problems associated with study heterogeneity, the realities of clinical development programs make this an unavoidable limitation of dealing with these data sets.
In conclusion, our findings are consistent with those of conventional, hypothesis-driven analyses that dapagliflozin offers significant and predictable clinical benefit across all groups of patients, from treatment naïve to those requiring high doses of insulin [24, 25] .
Furthermore, we suggest that this hypothesisindependent approach may be applied to other drugs for which substantial clinical data are available. 
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